Abstract. We present a methodology to characterize the 3D microstructure of Ibuprofen tablets, which strongly influences the strength and solubility kinetics of the final formulation, by means of synchrotron tomography. A physically coherent trinarization for greyscale images of Ibuprofen tablets consisting of the three phases microcrystalline cellulose, Ibuprofen and pores is presented. For this purpose, a hybrid approach is developed combining a trinarization by means of statistical learning with a trinarization based on a watershed algorithm. This hybrid approach allows us to compute microstructure characteristics of tablets using image analysis. A comparison with experimental results shows that there is a significant amount of pores which is below the resolution limit and results from image analysis let us conjecture that these pores make up the major part of the surface between pores and solid. Furthermore, we compute microstructure characteristics, which are experimentally not accessible such as local percolation probabilities and chord length distribution functions. Both characteristics are meaningful in order to quantify the influence of tablet compaction on its microstructure. The presented approach can be used to get better insights into the relationship between production parameters and microstructure characteristics based on 3D image data of Ibuprofen tablets manufactured under different conditions.
Introduction
In the past years, the so-called "Quality by design" principle has been targeted as the key strategy for the development and manufacturing of novel pharmaceutical products. This new method disrupts with the traditional "trial-and-error" and "quality-by-end-product" paths and seeks to foresee the performance of the final product from the understanding of process and component attributes. Direct compaction, a critical stage in the production of pharmaceutical tablets, is a main example of "trial-and-error" operation. The absence of defects throughout the operation (delamination, capping or chipping), a good powder flowability and an adequate breakage resistance constitute the product conformity criteria (Zhou and Qiu, 2010) .
When it comes to a commercial multi-component tablet, the interplay of each constituent of the powder blend (excipients, lubricants, active ingredients, among others) affects drastically the strength and solubility kinetics of the final formulation. Many factors of the blends influence the properties of the final tablet such as porosity, shape, surface area and size (Sebhatu and Alderborn, 1999; Olsson and Nyström, 2001; Poquillon et al., 2002) . Several empirical approaches have been reported in order to model the tensile strength from blend properties. Chan et al. (1983) provided a model considering the effects of particle size and composition of binary mixtures. Based on percolation theory, Kuentz and Leuenberger (1998) developed a model for the tensile strength of binary formulations, assuming that a tablet can only be produced with a solid fraction larger than some critical threshold, which is required to build a percolating system in the tablet.
However, these empirical relationships between properties of single component constituents of binary tablets and tensile strength do not capture microstructure characteristics like connectivity and surface area of each of the constituents, which also influence the strength of the tablet. The spread of visualization techniques resulting from computer aided reconstructions has opened a whole range of possibilities for a detailed microstructure analysis of tablets. Several imaging techniques have been applied towards this goal, including synchrotron tomography, terahertz pulse, Raman and NIR spectroscopy. For an overview, the reader is referred to (Müllertz et al., 2016) and the references therein. In the present study, a methodological approach to investigate binary tablets based on synchrotron tomography with a voxel size of 0.44 µm is presented and demonstrated exemplarily for bicomponent tablets consisting of microcrystalline cellulose (MCC) and Ibuprofen (API) and working as follows. Water accesses the inner parts of the tablet via the pores and dissolves the MCC. Then, API is step by step given to the body. Since the underlying microstructure of the tablet influences the flow of water through the pores as well as the solubility kinetics, it influences the speed and amount of API given to the body. While the microstructure of individual MCC particles has recently been investigated based on synchrotron tomography with a voxel size of 0.65 µm (Fang et al., 2017) , our focus goes beyond and provides a characterization of all three phases in the tablet, i.e. the constituents MCC and API as well as pore space.
For this purpose, it is necessary to suitably trinarize the 3D images, i.e. each voxel has to be labeled as MCC, API or pore. Classical algorithms from morphological image analysis as reviewed in Schlüter et al. (2014) and algorithms based on statistical learning (James et al., 2013) do not lead to a sufficiently good trinarization. More precisely, they are not able to classify the pore space adequately. In order to overcome this limitation a new method to trinarize the greyscale images obtained by synchrotron tomography is developed. We propose a hybrid approach combining a watershed-based trinarization going back to ideas presented in Meyer and Beucher (1990) with a trinarization using a random forest algorithm, a tool from statistical learning. Another combination of tools from mathematical morphology with statistical learning has recently been used to improve the quality of particle-wise segmentation from 3D image data (Furat et al., 2018) . In the present paper, the hybrid approach leads to a trinarization allowing for the computation of structural characteristics, which are only accessible via image analysis such as, e.g., local percolation probabilities or chord length distribution functions. These characteristics can be used for the quantification of anisotropy effects in a microstructure resulting from a uniaxial compaction of the tablet. The values of porosity and specific surface area obtained from image analysis are compared with the corresponding experimentally obtained values. The methodology considered in the present paper permits us to extend the characterization of the 3D microstructure of Ibuprofen tablets by image analysis, which is a first step towards the goal to relate microstructure characteristics with product conformity criteria like powder flow and breakage resistance.
The paper is organized as follows. Materials and experimental methods are described in Section 2, whereas the results of experimental measurements are given in Section 3. After the description of 3D imaging in Section 4, we present a hybrid approach for the algorithmic trinarization of 3D images in Section 5. The algorithm is tested for different cutouts of one large 3D image of the microstructure of Ibuprofen tablets which allows for a statistical characterization of the microstructure by image analysis given in Section 6. Section 7 concludes the work.
2. Materials and experimental methods 2.1. Materials. Binary tablets of microcrystalline cellulose (MCC) (Vivapur R 12, JRS Pharma, Germany) and Ibuprofen Gracel are used to produce the three-phase tablets considered in this paper. In order to narrow the particle size distribution (PSD) of Ibuprofen, the fraction of Ibuprofen above 180 µm remaining after manual sieving is removed before admixing.
Due to the poor processability of this mixture, each batch is internally lubricated by blending of Magnesium stearate (MgSt) (Magnesia 4264; Magnesia GmbH, Germany). Blends are homogenized in a powder mixer ERWEKA AR-403/-S (ERWEKA GmbH, Germany) with a 3.5 l cubic container for 3 minutes at 16 rpm before tableting. Two different formulations were considered for this analysis: a) 94.05 % (w/w) MCC; 4.95 % (w/w) API and 1.00 % (w/w) MgSt, b) 79.20 % (w/w) MCC; 19.80 % (w/w) API and 1.00 % (w/w) MgSt.
General powder characteristics, such as particle size distribution (PSD) and true density are determined. Powder particle size distribution is determined via dry dispersion by an airflow injector (Mastersizer 300, Malvern Instruments Ltd, United Kingdom) using a differential pressure of 2 bar.
Density of both powders is required in order to determine the evolution of internal tablet porosity with the compaction pressure. Skeletal or true density of primary particles is determined by means of helium pycnometry (ULTRAPYC 1200e, Quantachrome GmbH, Germany). Samples were stored at 20 • C and 45 % RH during the 24 h prior to the analysis. Measured values are extracted after 10 runs and assuring a typical deviation lower than 0.005.
Blends are compacted with the compaction simulator STYL'One Evolution (Medel Pharm S.A.S., France). Standard EURO B die and punches were set up in order to produce cylindrical tablets of 11.28 mm in diameter. The compaction sequence comprises the filling of the die by gravity up to a height of 10 mm with the blend of interest (previously stored at 20 • C and 45 % RH for 24 h) and the symmetrical movement of the punches at a constant speed of 20.6 mm/s until the target pressure was achieved. In the current study compaction pressures running from 45 MPa up to 188 MPa were analyzed.
2.2. Experimental methods. Internal surface area of tablets was determined by nitrogen sorption at the ASAP 2460 (Micromeritics Instrument Corp., USA). Sample conditioning proceeds as follows: after compaction, cylindrical tablets are cut up in quarters and inserted into the degassing units where they were treated for 24 h at room temperature at vacuum conditions in order to remove physisorpted compounds. Then, a conditioning interval of 500 s precedes the sorption of nitrogen at relative nitrogen pressure range P/P 0 from 0.10 to 0.30 and an absolute temperature of −196 • C. Samples were measured in triplicate. Finally, the best linear fit was obtained for the BET model.
Pore size analysis experiments were executed using a mercury intrusion porosimeter (MIP) PoreMaster 60 (Quantachrome GmbH, Germany). Pressures ranging from 1 to 60,000 PSI were applied in a high pressure station. The pressure was exerted onto the sample using a penetrometer made of glass as specimen container. A penetrometer with a stem volume of 0.5 cm 3 and a sample container of 3.8 cm length is used.
One of the main assumptions of this technique is cylindrical shape pore configuration. Based on that, the MIP pore size distribution can be determined using a modified Young-Laplace equation, referred mainly as Washburn equation (Washburn, 1921) :
where ∆P is the pressure difference, r 1 and r 2 describe the curvature of the interface, r pore the pore size using the surface tension of mercury γ and the contact angle θ between the solid and mercury. A basic assumption for this relation is a constant surface tension γ = 0.485 Nm −1 and contact angle θ = 140 • of the intruded mercury and the substrate. According to the intrumental pressure range, a pore size span from 1.80 nm to 108 µm should be accessible with this setup. The MIP pore size distribution is denoted by Q 3 in the following.
Experimental results
The density of the considered tablets experimentally determined by helium pycnometry is 1279 kg/m 3 and the specific surface area determined by BET measurements is between 0.78 µm −1 and 0.81 µm. In Section 6 these results are compared with the results of image analysis. The cumulative volumetric pore size distribution is presented in Figure 1 . The results show that roughly 25 % of the pores have a diameter of less than 0.438 µm which is the voxel size of the 3D images and that most of the pores have a diameter which is lower than the resolution limit (about 2 µm after filtering, see Section 4.2). Note that the pores below the resolution of image data are inaccessible for image analysis.
The 10%-,50%-and 90%-quantiles of the volumetric/mass particle size distribution (PSD), denoted by X 10 , X 50 and X 90 , and the true density of MCC and Ibuprofen are summarized in Table 1 . In constrast to the pore size, the values of X 10 of both powders are some orders of magnitude higher than the resolution of image data. Therefore primary particles should be satisfactorily detected by synchrotron tomography.
4. Imaging 4.1. Sample preparation. First measurements have shown that small empty pores lead to imaging artifacts arising due to refraction at the gas/material interface. This prevents successful classification/trinarization of the tablets material composition. Therefore, the pores are filled by a contrast medium, which reduces the refraction at the pore/material interface. This is achieved by cutting a piece of the Ibuprofen tablet and fixing it into a polyimide tube with an inner diameter of 1.6 mm, which is then filled up with a hydrocarbon based contrast medium and sealed on both tube ends. The tube with the sample therein is then imaged via synchrotron tomography.
Synchrotron tomography.
The synchrotron tomography measurement is conducted at the BAMline at the electron storage ring Bessy II in Berlin, Germany (Görner et al., 2001) . For optimized contrast of the light elements in the sample a beam energy of 9.8 keV is chosen with a double multilayer monochromator. After transmitting the sample, the X-ray beam is converted with a 60 µm thick CdWO 4 scintillator into visible light, which is then imaged onto the CCD chip of a PCO.4000 camera (PCO AG). The used optical setup yields a resolution of 4008×2672 pixels covering an area of 1.75 × 1.17 mm 2 , which corresponds to a pixel size of 0.438 µm. For the tomographic scan 2200 projections covering an angular range of 180 • are collected and used for the reconstruction via filtered back projection (Jähne, 2013) . Each projection is exposed for 3 s. Together with flat field images for image normalization this results in a total scan time of approximately 2 h. A phase retrieval algorithm, according to Paganin et al. (2002) , is applied on the projections in order to emphasize the contrast evoked by the phase shift in the material. After the application of the phase retrieval algorithm, the resolution limit is at ≈ 2 µm.
Trinarization of grey-scale images
In order to investigate the microstructure of an Ibuprofen tablet by statistical image analysis, the grey-scale images have to be trinarized. Figure 2a shows that 3D imaging described in Section 4 leads to a good contrast between pores, MCC and API. The darkest greyscale values correspond to the pore space, the medium values to API and the brighter values to MCC. Despite of the good contrast, algorithmic trinarization encounters two major challenges. On the one hand, there are voxels within MCC, the greyscale values of which are in the same range as the ones of voxels belonging clearly to API. Moreover, the greyscale values of thin pores, which are located at the boundary between different particles of MCC or which are located within a particle of MCC, are similar to the greyscale values of API. From a physical point of view, it is not reasonable to rely only on thresholding of greyscale values.
The trinarization proposed in this paper is based on a random forest algorithm, which meets the above mentioned challenges (Figure 2) . In a second step, the results of this trinarization are improved by a combination with a trinarization based on the watershed algorithm (Figure 2c ). This leads to a hybrid approach used for the final trinarization (Figure 2d ), which takes benefit from the advantages of both trinarization algorithms.
5.1. Trinarization by a random forest algorithm. A random forest is an algorithm for classification from statistical learning based on decision trees. In contrast to classification by a single decision tree, a random forest is built by a large number of randomized decision trees. For a detailed description of random forests we refer to James et al. (2013) . In the present paper, a random forest algorithm is used for the trinarization of greyscale images, which can be considered as a classification problem. Each voxel has either to be classified as pore, API or MCC.
The random forest has to be trained, which means that, roughly speaking, the algorithm has to learn how to trinarize a given greyscale image. For this purpose, a 2D slice of the 3D image is considered, in which N voxels are manually trinarized by visual inspection. Thereby, a trinarization mask for the selected 2D slice is obtained. The same 2D slice is then filtered in M different ways, such that we result in an N × (M + 2)-dimensional matrix. The rows of this matrix indicate the pixels, which are considered during the manual trinarization. In each row the original greyscale value of the pixel, its greyscale values after the application of each of the M filters as well as its manually determined class label are stored. The matrix represents the training data for the random forest.
In order to perform training and feature evaluation, we use Ilastik (Sommer et al., 2011) with the parallelized random forest implemented in the computer vision library VIGRA. Finally, the M filters are applied to all slices of the 3D images, which allows for a trinarization of all voxels in the 3D image based on the trained random forest. The random forest algorithm, the result of which is visualized in Figure 2b , works satisfactorily for trinarizing the considered image data. In particular, thin pores (e.g. green circles in Figure 2b ) and darker greyscale values within MCC (e.g. blue circle in Figure 2 ) are properly resolved. For example, the long and thin pore in the upper left part of the 2D slice in Figure 2b is recognized correctly. Furthermore, the random forest algorithm does not lead to misclassification within particles of the MCC, even if smaller greyscale values may suggest an occurrence of API. However, comparing the result of the random forest algorithm with the original greyscale image one can observe that pores are detected between API and MCC, although there is no indication for pores, neither by greyscale values nor by physical reasons (e.g. red circles in Figure 2b ). This effect occurs because the algorithm is trained to detect pores at the boundary of MCC. Moreover, unrealistically tiny connected components of all three phases are created using the random forest algorithm. Both effects can be corrected by using a hybrid approach for trinarization, i.e. by a combination of the random forest algorithm with a trinarization based on the watershed algorithm, see Section 5.3.
5.2.
Watershed-based trinarization. The watershed algorithm is a method to partition an image into different regions, so-called watershed basins, see e.g. Roerdink and Meijster (2000) . Consider any 3D image as a landscape, where its greyscale values as the local altitudes of the landscape. Then, the regions generated by the watershed algorithm can be interpreted as valleys, where their boundaries are given by the watershed lines of the landscape. Typically used for the extraction of individual particles from image data, the watershed algorithm has also been applied to classify different phases in multi-phase materials (Schlüter et al., 2014) . In the present paper, we propose a new method how to use the watershed algorithm to trinarize greyscale images of three-phase materials.
The principal idea of the trinarization is the following. As a starting point, the pore space is classified by global thresholding, before the solid phase, i.e. the union set of MCC and API, is partitioned by a special type of watershed algorithm. According to its average greyscale value, each watershed basin is finally assigned to one of the three phases. Note that averaging over all greyscale values within a watershed basin has been used by Frucci et al. (2013) for filtering images.
For a more detailed description of the watershed-based trinarization, we denote the set of voxels by W ⊂ Z 3 . The greyscale image is denoted by I and for each voxel w ∈ W , we denote its corresponding greyscale value by I(w). To distinguish the pore space from the solid phases we use global thresholding, where the threshold value t 1 is determined by visual inspection. This leads to a numerical value of t 1 = 30739. Note that we deal with 16-bit images, i.e., all greyscale values are between 0 and 65535. The determined pore space for a cutout of a 2D slice is visualized in Figure 3b .
In the next step, a further image J is defined on the basis of which the watershed basins are computed. The greyscale values of J are low at voxels, for which it is clear whether they belong to MCC or API. Considering the image J as a landscape, as the watershed algorithm does, the uncertainty of classification is low at voxels with a low altitude. In turn, the uncertainty of the classification is high for voxels located close to the watershed lines. Thus, the algorithm is constructed such that phase transition only occurs at watershed lines.
Formally, J is defined as follows. Applying the iterative algorithm introduced by Ridler and Calvard (1978) to all voxels, not classified as pores before, we obtain a threshold between MCC and API, denoted by t 2 . The voxels of greyscale values differing much from t 2 are considered as voxels which can be easily classified. Thus, greyscale values of J are defined by
After smoothing J by a minimum filter with a radius of 2 voxels (≈ 0.876 µm), the watershed algorithm is applied on J, see Figure 3c . For this purpose, we use the algorithm which was introduced by Meyer (1994) . For an overview on watershed algorithms, we refer to Beare and Lehmann (2006) . The watershed basins are assigned to MCC or API by global thresholding with respect to the average greyscale values of the basins. Here t 2 is used as global threshold. The voxels, located on the watershed boundaries are finally classified by an application of a maximum filter. The resulting trinarization contains unrealistically many small connected components of API within the MCC. Therefore, in a post-processing step, all API clusters with less than 300000 voxels (≈ 25200 µm 3 ) are removed and assigned to MCC. Note that whenever cluster analysis is performed in the present paper, the algorithm of Hoshen and Kopelman (1976) is used.
The result of the watershed-based trinarization described above is visualized in Figure 2c . Regarding the detection of small pores at the boundary of MCC and the representation of MCC itself, the random forest algorithm leads to a better trinarization (e.g. red circles in Figure 2c) . However, the watershed algorithm does not detect unrealistic pores between MCC and API as the random forest algorithm does (e.g. green circles in Figure 2c) . Thus, we can use the results obtained by the watershed-based trinarization to improve the trinarization by the random forest algorithm.
5.3. Hybrid approach. The trinarization obtained by the random forest algorithm, denoted by T 1 , is the basis of the hybrid approach. It is just modified using information from the watershed-based trinarization, denoted by T 2 . In a first step, tiny connected components of all three phases are removed from T 1 . All connected components of the pore space with less than 1000 voxels (≈ 84 µm 3 ) are assigned to API. After that, all connected components of API with less than 8000 voxels (≈ 670 µm 3 ) are assigned to the pore phase. Finally all connected components of MCC with less than 8000 voxels (≈ 670 µm 3 ) are assigned to API. Note that by this procedure tiny pores, which are completely surrounded by MCC, are not removed. The existence of those pores is not in contradiction with the prior knowledge about the material from a physical perspective.
Finally, all unrealistic pores between MCC and API detected in T 1 are removed. For this purpose, we assign each voxel w ∈ W , which belongs to the pore phase in T 1 , to API if the following two conditions are fulfilled: 1) The Euclidean distance from w to the closest pore voxel in T 2 is larger than 20 voxel (≈ 8.76 µm).
2) The Euclidean distance to the closest API voxel in T 1 is smaller than 20 voxel (≈ 8.76 µm). While Condition 1 uses T 2 to check if the pore voxel is wrongly detected in T 1 , Condition 2 ensures that the considered pore voxel is close to API. Condition 2 is necessary because pores within MCC, which are not detected by the watershed-based trinarization, should not be removed.
The results obtained by the hybrid approach, see Figure 2d , show that the required challenges can be met by combining the random forest algorithm with the watershed-based trinarization. Note that the tiny connected components, which can be observed in Figure 2d are connected in 3D. A 3D visualization of MCC as well as API determined by the hybrid approach is given in Figure 4 .
Statistical microstructure characterization
Trinarization is performed on eight non-overlapping cubic cutouts with a side length of 306.6 µm of the entire 3D image. The hybrid approach introduced in Section 5.3 is used for this segmentation. The trinarized cutouts are statistically analyzed using methods of spatial statistics, see e.g. Chiu et al. (2013) . In Section 6.1 the results of the statistical analysis of trinarized images are compared with the results obtained by the experimental characterization of tablets described in Section 3. 6.1. Volume fraction and surface area. We consider the volume fractions and the specific surface areas of the three phases. The volume fractions of MCC and API and their specific surface areas estimated from image data are visualized in Figure 5 . Note that for a given porosity/density, the volume fraction of MCC is a function of the volume fraction of API. The graphs of these function are visualized for certain fixed values of density and porosity in Figure 5a . One can observe that volume fractions of MCC are between 0.7 and 0.77, while the volume fractions of API are between 0.21 and 0.28. Porosity varies between 0.025 and 0.075. A density between 1350 kg/m 3 and 1450 kg/m 3 is computed using the volume fractions of phases. These values are larger than the experimentally determined density of 1279 kg/m 3 . This overestimation is attributed to pores, the size of which is below the voxel size of 0.44 µm and which are thus not visible in the 3D images. Moreover, note that the resolution of 3D images is about 2 µm, which does not allow for an exact determination of porosity via image analysis. The existence of such small pores is proven by the experimental results of mercury intrusion porosimetry, see Figure 1 .
Moreover, the specific surface area, which is defined as the ratio of surface area and the volume fraction of the solid phase, is estimated from image data using the method given by Ohser and Schladitz (2009) . The values are higher for MCC than for API and pores since MCC has the highest volume fraction of the three phases. The specific surface area of pores obtained from image analysis is much lower than the experimental values, which are between 0.78 µm −1 and 0.81 µm −1 . Thus we conjecture that most parts of the surface area of pores come from the thin pores which are below the resolution limit.
6.2. Further microstructure characteristics. Besides estimating the surface area of each phase, the surface area of the interfaces, between pores and MCC, between pores and API, and between API and MCC can be computed. The surface areas of interfaces per unit cube are denoted by I(pore, MCC), I(pore, API), and I(API, MCC), respectively. Note that
where S i denotes the surface area of phase i per unit cube. The surface areas of the other interfaces can be computed analogously. This allows us to determine the proportion of pairwise interfaces in the complete surface area, see Figure 6a . Depending on the cutout, the proportion of I(pore, MCC) and I(API, MCC) varies strongly for the eight samples in the range of 0.2 − 0.45 and 0.45 − 0.7, respectively. This variation can be explained by the variation of porosity, see Section 6.1. Further underpinning of this explanation is given by the fact that both, I(pore, MCC) and I(pore, API) strongly correlate with porosity, see Figure 6b . Next, local percolation probabilities (Hilfer, 1991) are computed to quantify connectivity properties of the three phases API, MCC and pores, see Figure 7 . For this purpose, we divide each cubic cutout in sub-cubes with an edge length of 22 µm. For each sub-cube and each phase, we compute the volume fraction of the phase and check if it is percolating in x-, y-, and z-direction. We say that a phase is percolating within a sub-cube [0, 22 µm] 3 in, e.g., x-direction if there exists a path (with respect to the 26-neighborhood, i.e. each voxel w ∈ W is connected to all other voxels which share at least one vertex with w (Ohser and Schladitz, 2009)) from the bottom {0} × [0, 22 µm] 2 to the top {22 µm} × [0, 22 µm] 2 within the considered phase. Then, the percolation probability P (v) for a given volume fraction v is estimated by a NadarayaWatson estimator (Nadaraya, 1964 ) with a Gaussian kernel and a manually chosen bandwidth of h = 0.3. In Figure 7 histograms representing the frequency of volume fractions of the subcubes are given for each of the three phases. Since we do not observe sub-cubes with a porosity of more than 0.5, the percolation probabilities for higher porosities cannot be considered as accurate estimates. In Figure 7a , the black dotted line shows the upper volume fraction limit, where the estimation of percolation probabilities is no longer meaningful. Formally, we consider an estimate of P (v) as meaningful if the denominator in the Nadaraya-Watson estimator is larger than 100. For API and MCC, we observe sufficiently many sub-cubes for the whole range of volume fractions in order to estimate the percolation probabilities. One can observe for all three phases that the percolation probabilities increase stronger with increasing volume fractions in x-and y-direction than in z-direction. This result is reasonable as the tablet is compacted in z-direction. Thus, the pores, as well as API and MCC are more elongated in the xy-plane leading, in turn, to better connectivity of all three phases in x-and y-direction than in z-direction. The computation of local percolation probabilities can be considered as a quantification of the influence of compaction on the tablet microstructure.
Another relevant descriptor of the microstructure is the so-called chord length distribution function. Note that the chord length distribution in a certain direction φ is the distribution of the lengths of subsequent intersections between the considered phase and a randomly chosen line in direction φ. For the estimation of chord length distributions from image data we refer to Ohser and Schladitz (2009) . Figure 8 shows the mean chord length distribution functions in x-, y-and z-direction for the eight samples to measure anisotropy effects. For all three phases, it can be seen that the chord length distribution functions in x-and y-directions are nearly identical and chord lengths in x-and y-direction are significantly larger than the ones in zdirection. The chord length distribution quantifies the elongation of phases in certain directions and is thus -besides local percolation probabilities -a further measure for the influence of uniaxial compression onto the microstructure.
6.3. Results and discussion. The presented statistical analysis characterizes the microstructure of tablets based on 3D images with a voxel size of 0.438 µm. Thus, pores with a diameter below the resolution threshold are not taken into account in the analysis, which leads to (slightly) different values of porosity and specific surface area compared to experimental results. Being aware that the analysis is performed on a certain length scale, which is determined by the voxel resolution, statistical image analysis nevertheless allows for the computation of microstructure characteristics, which are not accessible by experiments. The performed analysis shows that the interface area between pores and MCC, as well as between pores and API grows linearly in porosity for the considered material. The computation of local percolation probabilities and chord length distribution functions allows for a quantitative analysis of the impact of compaction on the microstructure, which can complement empirical models such as on the prediction of compactibility, compressibility and tabletability of compacts (Imbert et al., 1997) .
A promising and powerful application of the presented trinarization, which identifies the different components, consists of a further discretization which allows for numerical modeling of multicomponent formulations by means of the discrete element method (DEM). In particular, breakage and propagation of cracks can be numerically modeled. In future work, the statistically representative volume element size with respect to mechanical properties will be determined based on DEM simulations in the spirit of Dirrenberger et al. (2014) .
In order to reinforce the current results, it might be necessary to include further microstructure characteristics in order to describe the microstructure influence on mechanical properties. Beyond local percolation probabilities, which are considered in the present paper as connectivity property, the quality of connecting pathways, important for effective conductivity in two-phase microstructures and reflected in the notions of mean geodesic tortuosity and constrictivity (Stenzel et al., 2017) , could also affect the mechanical properties significantly.
Conclusions
A novel methodology to investigate the microstructure of Ibuprofen tablets based on 3D image data from synchrotron tomography has been presented. To be more precise, a new trinarization algorithm is developed, which allowed for the identification and labelling of the three constituting phases, i.e., pores, API and MCC. Here an algorithm using methods from statistical learning, namely random forests, is combined with a watershed-based algorithm. In contrast to using just one of these two algorithms, the presented hybrid approach matches the required challenges in the sense that it leads to a physically realistic trinarization. This means that the trinarization algorithm has not detected tiny constitutive parts of API within MCC particles and, on the other hand, long pores at the boundary of MCC particles are correctly detected. The trinarization allowed for an investigation of the microstructure by means of statistical image analysis, which is illustrated by the example of a given tablet. The results obtained from statistical image analysis showed a slight discrepancy with experimental measurements, due to the pores with diameter below the resolution threshold. Furthermore, image analysis showed that the volume fractions of the three phases vary up to 5 % when considering 8 different cubic cutouts of the tablet with an edge length of 0.3 mm. Moreover, the computation of local percolation probabilities and chord length distribution functions enabled us to quantify the influence of compaction of the tablet on its microstructure. The presented methodology can be used to investigate the relationship between production parameters of the tablet, as the ratio of volume fractions of API and MCC or the pressure of compaction, and the microstructure characteristics, which influence, in turn, effective properties of the tablet as its strength and solubility kinetics. As a possible subject of future research, a further powerful outcome of the trinarization might be a numerical modeling of multicomponent formulations by DEM, in order to elucidate the microstructure influence on mechanical properties of the tablet. Tables   Table 1 
